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Abstract. Modern oncology remains constrained by a persistent method-
ological divide: biological and clinical knowledge is predominantly artic-
ulated in narrative form, while predictive treatment planning requires
formal, executable models capable of simulating tumor evolution un-
der therapeutic pressure. Here, we argue that the emergence of Large
Language Models (LLMs) enables a fundamental reconfiguration of this
paradigm. Their capability motivates the concept of conversational mod-
eling, in which modeling pipelines are initiated, shaped, and iteratively
refined through natural language interaction rather than explicit mathe-
matical programming. We introduce the Language-Driven Therapy De-
sign (LDTD) framework and assess whether contemporary LLM-based
tools can autonomously construct predictive models of cancer dynamics
under therapy starting solely from narrative descriptions. By compar-
ing LLM-generated models with professional, expert-curated predictive
repositories for anticancer treatment, we demonstrate that narrative-
driven models already achieve comparable predictive performance. These
findings suggest that conversational modeling can substantially lower the
barrier to advanced computational oncology, pointing toward a broader
democratization of scientific modeling in data- and knowledge-constrained
domains.

Keywords: Conversational Modeling · Large Language Models · com-
putational oncology · Treatment Planning

1 Translation barrier in Computational Oncology

Oncology is practiced through biological reasoning. Clinicians seek to understand
cancer evolution by integrating knowledge of cellular mechanisms, interactions
within the tumor microenvironment, immune surveillance, and responses to ther-
apy. They rely on an internal conceptual model built from interacting biological
processes. This model is largely narrative in character and can be articulated in
natural language. This reasoning feels intuitive because it mirrors the structure
of biological knowledge.

However, computational oncology demands a fundamentally different repre-
sentation of knowledge. Predictive models capable of simulating tumor evolution
under therapy require precise mathematical formalization and the construction
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of an explicit computational simulation model. A statement such as hypoxic re-
gions recruit tumor-associated macrophages that secrete growth factors promot-
ing angiogenesis must be rendered as equations governing oxygen diffusion, cell
migration, cytokine dynamics, and vascular growth. Narrative intuition must
be transformed into systems of coupled partial differential equations with de-
fined parameters, boundary conditions, and numerical solvers that remain stable
over clinically relevant timescales, and into a computational model encompass-
ing implementation in code, execution on a server, and interaction through a
human-machine interface. This translation is not a mere technical step; it is an
epistemological shift in how biological knowledge is expressed and manipulated.

Historically, performing this translation has required rare expertise spanning
cancer biology and applied mathematics. More importantly, the process is inher-
ently fragile. Biological systems are context-dependent, multiscale, and shaped
by nonlinear feedbacks and emergent behavior. Model construction therefore in-
volves countless judgment calls about which mechanisms to include, simplify,
or omit-decisions that rely as much on biological intuition as on mathematical
skill. As experimental technologies advance, the richness of biological narratives
continues to grow, while our capacity to formalize them into executable models
struggles to keep pace.

This growing mismatch has motivated extensive work in mechanistic modeling
and machine learning for cancer prediction [6, 2, 18, 8, 9, 19]. Mechanistic models
have successfully captured phenomena such as drug resistance and immune-
tumor interactions [14, 7], while physics-based simulations have achieved sophis-
ticated spatiotemporal predictions for specific tumor types [12, 13, 16]. Data-
driven approaches have identified prognostic signatures and predicted treatment
response [15], and hybrid methods that combine neural networks with physi-
cal constraints have emerged as promising directions [10]. Yet, these successes
remain difficult to scale, largely because model construction still depends on
a small group of specialists capable of bridging narrative biology and formal
computation.

The emergence of large language models suggests a qualitatively different
approach to this translation barrier. Trained on vast bodies of biomedical liter-
ature, these models have internalized how biological mechanisms are described,
interconnected, and operationalized across disciplines [4, 3, 20, 17, 5]. Rather than
requiring explicit manual encoding of biological relationships, LLMs can reason
directly over narrative descriptions and iteratively refine formal representations
through natural language interaction, as demonstrated in other scientific do-
mains [11].

This capability motivates a paradigm that we term Language-Driven Therapy
Design (LDTD). In this approach, modeling begins not with equations or code,
but with a biological narrative. Researchers describe tumor behavior, therapeutic
mechanisms, and clinical constraints in natural language, while the model pro-
poses mathematical structures, generates executable implementations, and sup-
ports interpretation through dialogue. The critical question is whether contem-
porary foundation models can perform this translation with sufficient reliability
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to support therapeutic research. This paper addresses this question empirically
by evaluating how far current LLMs can be pushed as translation infrastructure
between biological reasoning and computational prediction [1].

2 Language-Driven Therapy Design: A New Paradigm

Language-Driven Therapy Design (LDTD) reconceptualizes how computational
models enter the therapeutic development pipeline. Instead of starting from
equations or code, LDTD builds models from natural-language descriptions of bi-
ological systems and therapeutic interventions, allowing domain experts to work
directly with the conceptual vocabulary of cancer biology rather than translating
their reasoning into mathematical or programming form.

As shown in Figure 1, the conceptual architecture of LDTD consists of four
interconnected stages, each representing a distinct translation task that has tra-
ditionally required specialized expertise. The process begins with a biological
narrative that describes tumor behavior, microenvironmental interactions, and
the mechanisms underlying therapy. This description serves as the foundational
input that drives all subsequent modeling steps. An oncologist might describe,
e.g., how hypoxic regions within solid tumors recruit immunosuppressive myeloid
populations that inhibit cytotoxic T cell function, how checkpoint inhibitor ther-
apy aims to restore T cell activity, and how spatial heterogeneity in drug pene-
tration might influence treatment outcomes. This narrative captures the expert’s
conceptual model of the biological system without imposing any formal struc-
ture.

The second stage involves mathematical formalization – the translation of bi-
ological narrative into equations of dynamical systems, or computational rules
that capture the described processes in mathematically tractable form. This is
where the LLM’s translational capability becomes critical. The model receives
the biological description along with contextual information about modeling
goals and task-specific requirements. The context might specify whether the
focus is on population dynamics versus spatial heterogeneity, whether the model
should emphasize long-term evolutionary dynamics versus acute treatment re-
sponse, or whether particular biological mechanisms require explicit represen-
tation. The task description clarifies what questions the model should address:
predicting resistance emergence timelines, comparing dosing strategies, identi-
fying biomarkers of response, or exploring combination therapy synergies. With
this information, the LLM proposes a mathematical structure aligned with the
biological description, drawing on learned patterns from the mathematical on-
cology literature and prior modeling practices for similar systems.

The third stage generates executable code that implements the mathematical
formalization computationally. The LLM translates differential equations into
Python implementations using numerical integration libraries such as SciPy,
specifies reasonable initial conditions based on biological context, implements
parameter values drawn from literature or provided by the user, and creates sim-
ulation workflows that execute the model over clinically relevant timescales. Crit-
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ically, the generated code includes not merely the core simulation logic, but also
the scaffolding required for practical use: parameter sweep routines for exploring
sensitivity, visualization functions for examining results, data export capabilities
for further analysis, and documentation explaining what each component does.

The fourth stage produces simulation results that can be interpreted biolog-
ically and related to therapeutic questions. The model is executed, generating
time series of cell populations, spatial distributions of relevant quantities, or pre-
dicted outcomes under different treatment protocols. The LLM can then analyze
these results, identify key patterns, and translate the computational output back
into the biological language.

Fig. 1: Conceptual diagram, that illustrates a workflow for the automated gener-
ation of medical simulations. The active pipeline (colored) utilizes a foundational
LLM to transform a system description into Python source code, which is then
dynamically executed to produce simulation results. The greyed-out components
represent the to-be-implemented phase of the Language-Driven Therapy Design
(LDTD) architecture, which includes the integration of a Retrieval-Augmented
Generation (RAG) module for medical and modeling knowledge, a feedback loop
for iterative refinement, fine-tuned for medical domain LLM and a multi-stage
expert approval process to ensure clinical and technical validity.

LDTD operates as an iterative feedback loop rather than a linear pipeline. At
each stage – formalization, code generation, and result analysis – users provide
natural-language feedback that guides the LLM in refining the model, allowing
domain knowledge to shape development without direct manipulation of equa-
tions or code.

Computational oncology already provides validated model structures for com-
mon biological processes. Through model context protocols, LDTD selects, adapts,
and parameterizes these established frameworks for specific biological scenarios,
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leveraging mathematically understood and well-documented models rather than
generating new formulations for each query. In this setting, the LLM functions
as an interface that makes advanced modeling tools accessible to users with
biological expertise but limited computational background.

Together, natural-language interaction, LLM-mediated translation, iterative
refinement, and reuse of established frameworks define a modeling paradigm dis-
tinct from traditional workflows - one that prioritizes biological insight, supports
conversational exploration, and allows appropriate formalisms to emerge from
biological descriptions.

3 Methodology

We aim to establish whether contemporary foundation LLM models can au-
tonomously translate biological descriptions of cancer and therapy into exe-
cutable computational models with predictive validity. Although our evalua-
tion is based on a single case study, this case is deliberately chosen to exercise
the full complexity of the modeling task. It spans the entire pipeline – from
natural-language clinical narratives, through mathematical formalization and
code generation, to quantitative prediction of spatiotemporal tumor dynamics
under treatment – using real patient-derived data and validated simulation in-
frastructure. As such, it constitutes a stringent, end-to-end stress test of the
proposed approach rather than a narrow proof of concept.

3.1 Benchmark Framework

We adopt the TumorTwin framework as a reference implementation for spatio-
temporal tumor evolution modeling [9]. TumorTwin implements three-dimensional
reaction-diffusion models informed by medical imaging, incorporates clinically
realistic chemotherapy and radiotherapy protocols, and provides documented
examples with real patient data. These characteristics make it a suitable bench-
mark for evaluating whether autonomously generated models can reproduce the
behavior of validated computational oncology pipelines.

TumorTwin was released in May 2025, whereas the evaluated LLM (Gem-
ini 3.5) has a January 2025 knowledge cutoff. Consequently, the model had no
exposure to TumorTwin’s equations, implementation, or APIs during training.
This temporal separation ensures that performance reflects generative modeling
capability rather than retrieval of known solutions.

3.2 Governing Tumor Model

TumorTwin models tumor cellularity N(x, t) using a reaction-diffusion equation
with logistic growth and treatment-induced cell kill:
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−αRTdRT(t)− βRTdRT(t)

2
]︸ ︷︷ ︸

radiotherapy

The class constructor accepts key biological parameters: tumor proliferation
rate k, diffusion coefficient tensor d, and carrying capacity θ – along with auxil-
iary objects encapsulating chemotherapy and radiotherapy treatment specifica-
tions. When either treatment modality is absent from the simulation, its corre-
sponding term in the equation is set to zero. The initial condition N(x, 0) rep-
resents the baseline distribution of tumor cellularity derived from pre-treatment
MRI data. For radiotherapy, αRT and βRT denote radiosensitivity parameters
following the linear-quadratic model, where βRT is expressed relative to αRT ,
and dRT represents the dose of radiation delivered. t− and t+ represent the mo-
ments immediately before and immediately after the radiation beam is turned
on. For chemotherapy, nCT indicates the number of concurrent drugs, with each
drug i characterized by a sensitivity parameter αi and decay rate βi. The term
Ci(dCT , t) represents time-dependent drug concentration as a function of admin-
istered dosage dCT and time elapsed since administration.

3.3 Autonomous modeling and evaluation process

We evaluated the performance of the LLM on two cancer types with distinct
biological characteristics and therapeutic strategies: high-grade glioma (HGG)
treated with concurrent chemoradiation, and triple-negative breast cancer (TNBC)
treated with chemotherapy. These cases were selected from TumorTwin’s doc-
umented examples, which provide complete data packages, including baseline
MRI scans, treatment protocols, longitudinal imaging acquired during therapy,
and ground-truth cellularity maps derived through co-registration of imaging
data with clinical outcomes.

For each case, the LLM was provided with a structured natural-language
prompt comprising three essential components:

1. Tumor clicinal description: A narrative characterization of the cancer
type.

2. Treatment protocol specification: Description of therapeutic interven-
tions including drug identities, dosing schedules, and treatment duration.
This information was provided in clinical language rather than as math-
ematical parameters, requiring the LLM to translate therapeutic protocols
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into appropriate model perturbations. Importantly, the generated model was
instructed to load treatment schedules from external data files rather than
hardcoding them within the equations. This design choice ensures that any
generated model can operate on the same standardized input data with-
out requiring the LLM to parse and translate lengthy schedules during each
generation cycle.

3. Initial condition data: Specification of the simulation’s starting state,
provided as a pre-processed three-dimensional cellularity map derived from
baseline MRI. Without explicit initial condition data, LLMs typically de-
fault to generating synthetic spatial distributions (simple geometric shapes
in 2D or 3D). Providing real patient-derived initial conditions is crucial for
grounding predictions in clinical reality and enabling quantitative compari-
son against longitudinal ground truth observations.

Algorithm 1 summarizes the whole process, including RAG-based biological
grounding, model generation, execution, and quantitative comparison against
ground truth. By separating knowledge retrieval from equation and code syn-
thesis, this design provides a conservative estimate of LLM-based autonomous
modeling capability.

Algorithm 1
Autonomous Generation and Evaluation of Computational Tumor Models
Require: Clinical description D,

Treatment protocol T ,
Initial condition data I,
Medical knowledge base K,
Validated simulation framework F

Ensure: Quantitative performance metrics M
1: Build structured prompt P ← (D, T , I)
2: Retrieve relevant biological and modeling knowledge R← RAG(P,K)
3: Generate computational model specification S ← LLM(P,R)

where S includes governing equations, parameters, and Python source code
4: Execute generated simulation code O ← Run(S, I, T )
5: if expert feedback available then
6: Refine model specification

S ← Update(S,ExpertFeedback)
7: Re-execute simulation
8: end if
9: Compare outputs against ground truth data

10: Compute spatial and volumetric metrics
M← {DSC,MSE,RMSE,MAE,MAPE,NRMSE}

11: returnM

To assess predictive accuracy and enable direct comparison between LLM-
generated models and TumorTwin implementations, we computed two comple-
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mentary metrics capturing different aspects of model performance. Dice Simi-
larity Coefficient measures spatial overlap between predicted and observed tu-
mor extent. For each timepoint, we thresholded cellularity maps to identify
tumor-bearing regions (cellularity > 0.1) and computed the Dice coefficient as
DSC = 2|A∩B|/(|A|+ |B|), where A represents predicted tumor volume and B
represents ground truth extent. This metric quantifies how well the model cap-
tures spatial distribution of disease, with values ranging from 0 (no overlap) to
1 (perfect spatial agreement). Dice coefficient is the standard metric in medical
image analysis for evaluating spatial predictions and allows direct comparison
with performance benchmarks from the tumor modeling literature. Total tumor
cell count error measures accuracy in predicting overall disease burden over time.
For each imaging time point, we computed the total cell count by integrating
cellularity over the entire spatial domain, yielding a single number representing
the aggregate tumor burden. We then calculated error metrics such as MSE,
RMSE, MAE, MAPE and NRMSE. This volumetric metric complements spa-
tial analysis by assessing whether models correctly predict growth or regression
kinetics under therapy, independent of precise spatial localization. Together,
these metrics capture both “where is the tumor” (Dice coefficient) and “how
much tumor is present” (cell count error), providing comprehensive assessment
of model predictive validity. By computing both metrics for TumorTwin and
LLM-generated models on identical datasets, we can directly quantify whether
autonomous LLM-based modeling achieves performance comparable to carefully
validated computational frameworks.

The following sections present quantitative results from this evaluation, ex-
amining whether LLM-generated models achieve predictive accuracy comparable
to validated frameworks, and considering what these findings suggest about the
practical viability of language-driven approaches to computational oncology.

4 Results: Capabilities and Limitations of Conversational
Modeling

The LLM’s autonomous modeling process proceeded through a structured se-
quence that demonstrated both sophisticated translation capabilities and prac-
tical limitations requiring minor human intervention. Upon receiving the biolog-
ical description and task specification, the model first presented a conceptual
overview of its proposed approach, articulating the mathematical framework be-
fore implementation. For both cancer types, it explicitly formulated the reaction-
diffusion equations it would employ, writing out the partial differential equa-
tions in standard notation and explaining the biological interpretation of each
term. This preliminary formalization step proved valuable for verification, allow-
ing assessment of mathematical correctness before computational resources were
committed to implementation. Those equations consisted of Reaction-Diffusion-
Advection as coupled PDE-ODE system presented in Equations 2 and 3, while
radiotherapy is modeled as an instantaneous event that occurs at scheduled
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treatment times as shown in equations 4:

∂c(x, t)

∂t
= ∇ · (D∇c) + ρc

(
1− c

K

)
− κCdrug(t)c, (2)

dCdrug(t)

dt
= −λdecayCdrug(t) +

∑
i

Dosei δ(t− ti,chemo). (3)

Here, c(x, t) denotes the normalized tumor cell density (0 ≤ c ≤ 1) at x ∈ R3.
D is the diffusion coefficient, ρ the net proliferation rate, and K the carrying
capacity. Cdrug(t) represents systemic drug concentration, with λdecay denoting
its elimination rate and κ the strength of drug-tumor interaction. δ(·) is the
Dirac delta function that models instantaneous dosing given by the following
equations:

c(x, t+k ) = c(x, t−k )S(x), S(x) = exp
[
−(αd(x) + βd(x)2)

]
. (4)

Radiotherapy response is governed by the linear-quadratic parameters α and β,
with d(x) denoting the spatial dose distribution.

The subsequent code generation phase demonstrated successful translation
from mathematical formalism to executable implementation. The LLM cor-
rectly implemented the proposed equations as Python classes, with numerical
discretization schemes appropriate to the PDE structure. The solver architec-
ture employed finite difference methods with explicit time-stepping, generating
spatially-resolved predictions of cellularity evolution over treatment duration.
Notably, the LLM correctly implemented the 7-point stencil approximation of
the Laplacian operator for three-dimensional spatial discretization – a non-trivial
technical choice that balances computational efficiency with numerical accuracy
for diffusion terms. Importantly, the mathematical structure was implemented
without errors in the core differential operators, boundary conditions, or integra-
tion logic – the generated code produced stable, physically plausible simulations
when executed.

The selection of the model structure revealed both strengths and gaps in the
LLM’s biological reasoning. The model correctly identified reaction-diffusion dy-
namics as the appropriate mathematical framework for both types of cancer.
This high-level structural choice aligns with established practice in spatial tu-
mor modeling and matches TumorTwin’s underlying mathematical formalism.
However, the initial model formulation omitted several biologically relevant pa-
rameters that appear in the TumorTwin implementation. Specifically, the LLM’s
first-pass models lacked explicit proliferation rate parameters and carrying ca-
pacity terms that constrain growth in resource-limited environments. These pa-
rameters required addition through follow-up prompts specifying their biological
necessity, after which the model successfully incorporated them with appropriate
functional forms.

Similarly, therapy response parameters were initialized using reasonable de-
fault values but required refinement to align with the specific parameterization
employed in the TumorTwin examples. The LLM assigned standard literature

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29921-5_26

https://dx.doi.org/10.1007/978-3-032-29921-5_26
https://dx.doi.org/10.1007/978-3-032-29921-5_26


10 F. Ręka, P. Dziwak, B. Minch and W. Dzwinel

values for radiosensitivity (the α and β parameters of the linear-quadratic model)
and for cellular sensitivity to chemotherapy appropriate to the tumor types con-
sidered, indicating access to domain-specific quantitative knowledge. However,
these initial estimates differed from the parameters used in TumorTwin’s vali-
dated implementations, necessitating user-provided adjustments to ensure direct
comparability.

Minor programming corrections were required to achieve full operational com-
patibility with the existing analysis infrastructure. The most common issues in-
volved data type mismatches: the LLM-generated code produced predictions as
PyTorch tensors in some instances and NumPy arrays in others, while visualiza-
tion utilities expected consistent array formats. Additionally, output formatting
required adjustment to match the structure expected by TumorTwin’s plotting
functions, for instance, ensuring that spatial dimensions followed the same axis
ordering conventions. These corrections were straightforward and could be eas-
ily automated by AI agents focused on coding such as Claude Code or Cursor,
which specialize in debugging and integration tasks. The need for such adjust-
ments reflects not limitations in mathematical or biological reasoning but rather
the practical challenges of interfacing autonomously-generated code with exist-
ing software ecosystems. In a production ready products those errors would be
nonexistend since the overarching framework would specify it’s own formating
and typing convention.

4.1 Quantitative Predictive Performance

Spatial prediction accuracy, quantified using the Dice similarity coefficient be-
tween predicted and ground-truth tumor extent, is reported in Table 2 for both
cancer types across all imaging time points. Visual comparisons of predicted and
observed cellularity distributions are shown in Figure 4a for HGG and Figure 4b
for TNBC at representative time points. Trajectories of total tumor cell counts,
comparing LLM-generated models, TumorTwin implementations, and ground-
truth observations, are presented in Figures 3a and 3b.

Metric TumorTwin HGG LLM HGG TumorTwin TNBC LLM TNBC
MSE 3.39× 1021 3.19 × 1021 7.46× 1020 4.25 × 1020

RMSE 5.82× 1010 5.64 × 1010 2.73× 1010 2.06 × 1010

MAE 3.65 × 1010 3.95× 1010 2.20× 1010 1.45 × 1010

MAPE [%] 32.0 35.4 41.3 28.8
NRMSE [%] 61.2 59.3 54.4 41.1

Table 1: Model Performance: Comparison of TumorTwin model and LLM gen-
erated model for HGG and TNBC.

For high-grade glioma treated with concurrent chemoradiation (10 imaging
timepoints spanning 270 days), both models achieved high initial spatial ac-
curacy (Dice = 1.0 at baseline by construction, since both use identical ini-
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Visit Day TumorTwin LLM
1 0 1.0000 1.0000
2 30 0.9515 0.9531
3 60 0.9857 0.9482
4 90 0.9480 0.9224
5 120 0.8935 0.9080
6 150 0.8448 0.8919
7 180 0.8024 0.8741
8 210 0.7712 0.8490
9 240 0.7481 0.8151
10 270 0.7325 0.7956

(a) HGG Dice coefficient

Visit Day TumorTwin LLM
1 0 1.0000 1.0000
2 57 0.7785 0.7619
3 119 0.6043 0.7711

(b) TNBC Dice coefficient

Fig. 2: Dice coefficient comparison for HGG and TNBC.

tial conditions). At the first post-treatment timepoint (day 30), spatial agree-
ment remained excellent for both implementations (TumorTwin: 0.9515, LLM:
0.9531). As treatment progressed, spatial predictions diverged modestly from
ground truth, with Dice coefficients declining gradually for both models. Inter-
estingly, the LLM-generated model maintained slightly higher spatial accuracy
through mid-treatment timepoints (days 60-180), with Dice coefficients consis-
tently 0.02-0.07 points higher than TumorTwin. By the final timepoint (day
270), both models showed comparable performance (TumorTwin: 0.7325, LLM:
0.7956), with spatial agreement remaining above 0.7 – a level generally consid-
ered acceptable for tumor segmentation tasks in medical imaging.

(a) HGG (b) TNBC

Fig. 3: Total tumor cell count comparison.

For triple-negative breast cancer under chemotherapy (3 imaging timepoints
spanning 119 days), the pattern was more complex. At the first post-treatment
assessment (day 57), both models showed substantial spatial agreement with
ground truth (TumorTwin: 0.7785, LLM: 0.7619), though both captured only
approximately 75% of the true tumor distribution-consistent with the inherent
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(a) HGG (b) TNBC

Fig. 4: Comparison between real tumor and model predictions.

difficulty of predicting response in this aggressive, heterogeneous tumor type.
Interestingly, at the final time point (day 119), the LLM model achieved better
spatial accuracy (0.7711) than TumorTwin (0.6043), suggesting that its predic-
tions of tumor regression patterns more closely matched the observed response.

The total cell count predictions, which measure volumetric accuracy indepen-
dently of the precise spatial location, showed performance similarly comparable
between frameworks. Both models captured the overall trajectory of tumor bur-
den evolution under therapy, though with systematic differences in predicted
growth or regression rates that likely reflect the parameter initialization differ-
ences noted above.

4.2 Interpreting Comparative Performance

The quantitative similarity in predictive accuracy between LLM-generated mod-
els and TumorTwin implementations – and indeed instances where LLM models
achieved slightly superior metrics – requires careful interpretation to avoid mis-
leading conclusions. These results should not be construed as evidence that LLM-
generated models are stronger than carefully developed computational frame-
works. Rather, they demonstrate that LLMs can generate models with compa-
rable structural sophistication and predictive validity when applied to scenarios
where ground truth data exist for validation.

Critically, TumorTwin’s framework supports calibration procedures that can
substantially improve predictive accuracy through patient-specific parameter op-
timization. When TumorTwin models are fine-tuned against individual patient
imaging data-adjusting proliferation rates, diffusion coefficients, and therapy re-
sponse parameters to match observed early treatment response-predictive per-
formance improves significantly beyond the default parameterizations used in
our comparison. This calibration represents best practice in personalized tumor
modeling and would be expected to yield metrics substantially exceeding those
observed here for both implementations using literature-derived parameters.
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The capability to perform such fine-tuning was deliberately excluded from our
evaluation as beyond the current scope. This exclusion does not reflect any fun-
damental limitation preventing LLM-generated models from being calibrated:
The mathematical structures produced are amenable to standard parameter
optimization techniques. However, implementing robust calibration workflows
requires additional computational infrastructure: optimization algorithms, ob-
jective function definitions, regularization schemes to prevent overfitting, and
validation protocols to assess generalization. Although such infrastructure could
itself be generated by coding-focused LLMs, establishing standardized, reliable
calibration pipelines represents a distinct research challenge. Generating these
frameworks de novo for each modeling task would constitute an inefficient use
of computational resources when reusable calibration tools could be developed
once and applied repeatedly.

The appropriate interpretation of our results is therefore that LLM-generated
models achieve baseline predictive validity comparable to established frame-
works when both employ literature-derived parameterizations. This comparabil-
ity demonstrates successful translation of biological narratives into mathemati-
cally sound, computationally correct implementations that capture essential tu-
mor dynamics. The fact that neither model perfectly predicts individual patient
outcomes reflects the inherent challenges of tumor modeling under parameter
uncertainty, not deficiencies specific to either implementation approach. Both
frameworks provide reasonable first-approximation predictions that could serve
as starting points for refinement through calibration, hypothesis exploration, or
treatment optimization studies.

5 Conclusions: The Path from Questions to Equations

The results presented in this work should be understood first and foremost as a
proof of possibility, not as a final technological endpoint. Using the current gen-
eration of large language models, we demonstrate that the long-standing barrier
between narrative scientific reasoning and executable computational models is
already beginning to fracture. What has traditionally required a multi-stage
translation – from biological intuition, through mathematical formalism, to nu-
merical implementation and visualization – can increasingly be initiated and
navigated through natural language interaction. It is reasonable to expect that
in the near future this boundary will no longer be a structural limitation, but
rather a historical artifact of earlier modeling paradigms.

In such a landscape, mathematical formalism, numerical solvers, and imple-
mentation details will not disappear, but they will become largely invisible to
the end user, at least for systems that remain within the domain of mathematical
physics and well-established modeling frameworks. This invisibility should not
be mistaken for a loss of rigor. Instead, it represents a shift in abstraction: models
remain mechanistic and constrained by physical laws, but interaction with them
no longer requires direct engagement with equations or code. Scientific modeling
becomes less about syntax and more about meaning.
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Importantly, this transition does not imply that computational scientists be-
come obsolete. Rather, their role is transformed. Instead of acting as indispens-
able intermediaries who translate ideas into code – often slowing the emergence
of new hypotheses – they move to a higher conceptual level. Their expertise
becomes critical precisely where language-driven automation fails: in validat-
ing assumptions, detecting subtle numerical pathologies, questioning inherited
modeling conventions, and operating at the frontier where existing formalisms
no longer suffice. In this sense, computational scientists cease to be a bottleneck
and become curators of scientific reliability. Of course, even this frontier is not
fixed. History suggests that some of today’s “irreducibly expert” tasks will even-
tually be absorbed by more capable AI systems. Acknowledging this possibility is
uncomfortable, but intellectually honest. The contribution of this work is not to
claim a final resolution of that trajectory but to show that the transformation is
already underway. Language-driven modeling does not signal the end of mecha-
nistic science; it signals a reorganization of how scientific knowledge is expressed,
tested, and evolved. The real shift is not technological, but epistemological: from
building models by writing equations, to building them by asking better ques-
tions. The present study addresses model generation rather than patient-specific
calibration, which remains an essential but orthogonal challenge.
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